INFERRING MULTIPLE COFFEE FLOWERINGS IN CENTRAL AMERICA USING FARMER
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Introduction

Climate and weather are key factors in triggering flowering events. After a period of water stress, rainfall might break the dormancy of
flowering buds, leading to flowering days after. However, there is uncertainty about the occurrence and magnitude of flowering due to rainfall
on a given day during the water-stress months. Therefore, in this study, we developed a Dynamic Bayesian Network model to forecast the
likelihood and intensity of multiple flowering events using observed data on flowering and precipitation from coffee farms in the Pacific

Region of Nicaragua, Central America.

*Pacific Central America: dry season (5-6
months, Dec-April) with the lowest rate of
precipitation and high temperatures.

*Data collected by Lara-Estrada et al. (2012)

*Farms’ records on flowering dates and intensity,
daily rainfall were used to estimate flowering
intensity, (flowering) month, rainfall that induces
flowering, and days to flowering.

*Model structure: literature and expert
knowledge. Four flowering events/year max. (in
>90% flowering records).

*Model training: Counting-Learning Algorithm
using 53 years of data (1943-1998) x 1 farm.

*Validation for flowering intensity and days to
flowering: Spherical Payoff (SP) using 4-5 years
of data (1999-2010) x 4 farms. SP ranges from 0
to 1, with 1 being the best fit.

*Sensitivity analysis to quantify the changes in
the values for flowering intensity due to findings
(changes) in other model variables.

Bayesian Networks (BNs) are multivariate statistical
models that consist of two main components: a directed
acyclic graph (model structure) and conditional probability
tables (model parameters). Together, they compactly
represent the joint probability distribution. An acyclic graph
consists of a set of nodes (variables) linked by arcs; the
arcs define the conditional dependencies. A BN becomes a
Dynamic BN when the same phenomenon occurs in the
model at different time slides. E.g., multiple flowerings.
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Fig 1. Left: coffee flowering;
right: farm records

Results and Discussions

Sensitivity Analysis

Flowering intensity is highly influenced by the
next (F1, F2) or previous (F3, F4) flowerings,
then Rain IF, month, and Days IF. So, the
intensity of initial flowerings influences further
ones. Day to flowering: Month and Rain IF.
Less sensitive than Flowering intensity.

Model performance (4 farms)

A good performance in estimating flowering
intensity (SP=0.78), compared to days to
flowering (SP=0.45). The last could be
influenced by the uncertainty associated with
Rain IF (the sum of rainy days in some cases)
and the node’s state breaks.

Testing and learning from the model
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Fig 2. Dynamic Bayesian Network mode for coffee
flowering, Pacific Region of Central America. The
model depicts the prior probabilities for each
variable prior to findings entry. If a user enters the
month and rainfall data (findings), the flowerin . . s
intensity and the days t<§ rowe%in)g will be infer?ed. under the climate in the Pacific of C.A.

Rain IF: rainfall that induces a flowering, * The explicit and simple graphical interface in
Days to flowering: days to flowering after Rain IF, BNs makes the model a practical decision

Flowering: Flowering intensity (F1-F4). support and learning tool for practitioners and

* Parameters adjusted for coffee plantations
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Fig 3. Sensitivity analyses results for the flowering
intensity (top) and days to flowering (bottom) for the
four flowering events. Rain IF: rainfall that induces
a flowering, Days IF: days to flowering after Rain IF,
FI: Flowering intensity
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